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Abstract

In this article, we estimate a joint model of participation, mobility, and wages for France. Our statistical

model allows us to distinguish between unobserved person heterogeneity and state-dependence. The model

is estimated using bayesian techniques using a long panel (1976-1995) for France. Our results show that

returns to seniority are small, even close to zero for some education groups, in France. Because we use the

exact same specification as Buchinsky, Fougère, Kramarz and Tchernis (2002), we compare their results

with ours and show that returns to seniority are (much) larger in the United States than in France. This

result also holds when using Altonji and Williams (1992) techniques for both countries. Most differences

between the two countries relate to firm-to-firm mobility. Using a model of Burdett and Coles (2003), we

explain the rationale for this. More precisely, in a low-mobility country such as France, there is little gain

in compensating workers for long tenures because they will eventually stay in the firm; even when they hold

firm-specific capital. But, in a high-mobility country such as the United States, high returns to seniority have

a clear incentive effect.
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1 Introduction

In the last twenty years, huge progress was made in the analysis of the wage structure. However, the under-

standing of wage growth - a key issue in labor economics - is not as developed. In particular, the respective

roles of general experience and tenure are still debated. Indeed, experience and tenure increase simultaneously

except when worker moves from firm to firm or becomes not employed. The question of worker mobility and

participation should then be central in the study of wages since it potentially allows the analyst to distinguish

and identify these two components of human capital accumulation. And, therefore, it should help us in assess-

ing the respective roles of general - transferable - human capital and specific - non transferable - human capital.

Of course, the question of the relative importance of job tenure and experience on wage growth has been exten-

sively studied. For the USA, some authors have concluded that experience matters more than seniority in wage

growth (Altonji and Shakotko, 1987, Altonji and Williams, 1992 and 1997). Other authors have concluded

that both experience and tenure matter (Topel, 1991, Buchinsky, Fougère, Kramarz and Tchernis, 2002 BFKT,

hereafter). Indeed, this question is particularly complex to analyze. And, it should not be surprising that the

successive articles have uncovered various crucial difficulties and solutions that potentially affect the resulting

estimates: the definition of the variables, the errors in measured seniority, the estimation methods that are used,

the heterogeneity components of the model, the exogeneity assumptions that are made...

It is usually admitted that there exists an increasing relation between wage and seniority. Several economic

theories can explain the relation existing between wage growth and job tenure. 1) The role of specific job tenure

on the dynamics of wages has been described by human capital theory (Becker (1964), Mincer (1974)). The

central point of this theory is the increase of the earnings due to the individual’s investment in human capital.

2) The structure of wages can be described by job matching theory (Jovanovic, 1979, Miller 1984, Jovanovic,

1984). This theory explains both the mobility of workers from job to job and the existence of an decreasing

job separation rate with job-tenure. This model relies on the main assumption that there exists a productivity

of the worker-occupation pair. This productivity is, a priori, unknown. Of course, the worker’s wage depends

on this productivity. Indeed, the specific human capital investment will be larger when the match is less likely

to terminate (see Jovanovic, 1979). Finally, a job matching model can predict an increase of the worker’s wage

with job seniority. 3) The dynamics of wages can be explained by deferred compensation theories that state

that the form of the contract existing between the firm and employees is chosen such that the worker’s choice

of effort or worker’s quit decision is optimal (see Salop and Salop, 1976; or Lazear 1979, 1981, 1999). In these

theories, the workers starting in a firm are paid below their marginal product whereas the workers with a large

tenure are paid above their marginal product. 4) More recently, equilibrium wage tenure contracts have been
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shown to exist within a matching model (see Burdett and Coles, 2003 or Postel-Vinay and Robin, 2002 in a

slightly different context). At the equilibrium, firms post a contract that makes wage increase with tenure. Some

of these models are able to characterize both workers mobility and the nature of the relation existing between

wage and tenure. For instance in the Burdett and Coles model, the specificities of the wage-tenure contract

heavily depend on workers’ preferences as well as labor market characteristics job offers arrival rate.

Therefore, the relation between wage growth and mobility (or job tenure) may result from (optimal) choices

of the firm and (or) the worker. But, it may also result from spurious duration dependence. Indeed, if there is

a correlation between job seniority and a latent variable measuring worker’s productivity and if, in addition,

more productive workers have higher wages then there will exist a positive correlation between wage and job

seniority even when conditional wages do not depend on job tenure (see, for instance Abraham and Farber, 1987,

Lillard and Willis, 1978, Flinn 1986). Consequently, unobserved heterogeneity components must be taken into

account as well as the endogeneity of mobility decisions. Furthermore, BFKT showed that mobility-induced

costs translated into state-dependence in the mobility decision (similarly for the participation decision itself

as demonstrated by Hyslop, 1999). As is well-known, all of the above points make OLS estimates of returns

to seniority biased. There are multiple ways to solve this problem. One solution is the use of an instrumental

variables estimator (Altonji and Shakotko, 1987). Another way to go, is to use fixed effects procedures (Abowd,

Kramarz and Margolis, 1999). A final solution is to jointly model wages, mobility and participation decisions

(Buchinsky, Fougère, Kramarz and Tchernis, 2002).

In this paper, we adopt the latter route. Therefore, we estimate jointly wage outcomes, participation and

mobility decisions. The initial conditions are modelled following Heckman (1981). We include both state-

dependence and (correlated) unobserved individual heterogeneity in the mobility and participation decisions.

We also include correlated unobserved individual heterogeneity in the wage equation. Following BFKT, we

adopt a Bayesian framework in which the model is estimated using a Gibbs Sampling technique. As our model

is highly non-linear, we use data augmentation steps. This procedure allows us to obtain, at the stationarity of

the algorithm, estimates of the parameters.

Our data source results from the match of the French DADS panel (giving us wages for the years 1976

to 1995) with the Echantillon Démographique Permanent (EDP, hereafter) that yields time-varying and time-

invariant personal characteristics. Because we use the exact same specification as BFKT and relatively similar

data sources, we are able to compare French returns to seniority with those obtained for the United States. Even

though our estimates of the returns to seniority appear to be in line with those obtained by Altonji and Shakotko

(1987) and Altonji and Williams (1992, 1997) for the U.S., they are in fact much smaller than those obtained

by BFKT (also for the U.S.). Indeed, returns to seniority in France are virtually equal to zero. However, returns
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to experience are rather large and close to those estimated by BFKT.

To understand some of the reasons for these small returns in comparison to the United States, we make use

of the equilibrium search model with wage-contracts proposed by Burdett and Coles (2003). We show that,

for all values of the relative risk aversion coefficient, the larger the job arrival rate, the steeper the wage-tenure

profiles. And, indeed, recent estimates show that the job arrival rate for the unemployed is approximately equal

1.71 per year in the US and is approximately equal to 0.56 per year in France (Jolivet, Postel-Vinay and Robin,

2004). Hence, the returns to seniority directly reflect the patterns of mobility in the two countries.

This paper is organized as follow. Section 2 presents the statistical model. Section 3 explains elements of

the estimation method. Then, data sources are presented in Section 4. Section 5 shows our estimates whereas

Section 6 carefully compares our results with those obtained by BFKT for the US. This Section also contains a

theoretical explanation of these differences together with simulations. Finally, Section 7 concludes.

2 The Statistical Model

2.1 Specification of the General Model

We consider a joint model of wages, participation and mobility decisions. Following Heckman (1981), we

introduce initial conditions because of the presence of lagged mobility and participation decisions in the main

participation and mobility equations. The statistical model that we adopt here derives directly from a structural

choice model of participation and mobility (see BFKT for a proof). This model induces the following equations:

Initial Conditions

yi1 = I
(
XY

i1δY
0 + αY,I

i + vi1 > 0
)

(1)

wi1 = yi1

(
XW

i1 δW + θW,I
i + εi1

)
(2)

mi1 = yi1I
(
XM

i1 δM
0 + αM,I

i + ui1 > 0
)

(3)
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Main Equations

∀t > 1, yit = I


γMmit−1 + γY yit−1 + XY

it δY + θY,I
i + vit︸ ︷︷ ︸

y∗it

> 0


(4)

∀t > 1, wit = yit

(
XW

it δW + θW,I
i + εit

)
(5)

∀t > 1, mit = yit.I


γmit−1 + XM

it δM + θM,I
i + uit︸ ︷︷ ︸

m∗
it

> 0


(6)

yit andmit denote, respectively, participation and mobility, as previously defined.yit is an indicator func-

tion, equal to1 if the individual i is employed at datet. mit is an indicator function that takes the following

values:

yit+1 = 1 yit+1 = 0
yit = 1 mit = 1 if J(i, t + 1) 6= J(i, t) mit censored

mit = 0 if J(i, t + 1) = J(i, t)
yit = 0 mit = 0 p.s. mit = 0 p.s.

Table 1: Mobility

whereJ(i, t) denotes the firm at which individuali is employed at datet.

The variablewit denotes the logarithm of the annualized total labor costs. The variablesX are the observ-

able time-varying as well as the time-invariant characteristics for individuals at the different dates.

θI denote the random effects specific to the individuals.u, v andε are the error terms. There areJ firms

andN individuals in the panel of lengthT . Notice that our panel is unbalanced. All stochastic assumptions are

described now.

2.2 Stochastic Assumptions

The next equations present our stochastic assumptions for the individual effects:

θI =
(
αY,I , αM,I , θY,I , θW,I , θM,I

)
of dimension [5N, 1]
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Moreover, let us assume that1

θI
i |ΣI

i ∼ N (0,ΣI
i )(7)

where the variance-covariance matrix in this prior distribution has the following form:

ΣI
i = Di∆ρDi with(8)

∆ρ = CC ′ where(9)

C =




1 0 0 0 0

cos1 sin1 0 0 0

cos2 sin2 cos3 sin2 sin3 0 0

cos4 sin4 cos5 sin4 sin5 cos6 sin4 sin5 sin6 0

cos7 sin7 cos8 sin7 sin8 cos9 sin7 sin8 sin9 cos10 sin7 sin8 sin9 sin10




(10)

and

Di =




σ2
i1 0 0 0 0

0 σ2
i2 0 0 0

0 0 σ2
i3 0 0

0 0 0 σ2
i4 0

0 0 0 0 σ2
i5




with(11)

σ2
ij = exp(xF

i

′
γj) i = 1...N j = 1...5(12)

Therefore, individuals are independent, but their different individual effects are correlated. We use in (9) a

Cholesky decomposition for the correlation matrix, the matrixC can be expressed using a trigonometric form as

shown above. For the diagonal variance matrix, we use a factor decomposition:xF
i denotes the factors specific

to individuali.

Finally, we assume that the idiosyncratic error terms follow:

1The subscriptcosi is used to avoidcos(ηi) with ηi ∈ [0, π]
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


vit

εit

uit


 ∼iid N







0

0

0


 ,




1 ρywσ ρym

ρywσ σ2 ρwmσ

ρym σρwm 1





(13)

Crucially here, because experience and seniority are direct - but complex - outcomes of the various participa-

tion and mobility decisions, these two variables are a complicated function of both individual and idiosyncratic

error terms. Therefore, the person effect and the idiosyncratic error term in the wage equation are both corre-

lated with the experience and seniority variables through the correlation of individual effects and idiosyncratic

error terms across our system of equations. Hence, our system allows for correlated random effects.

3 Estimation

As in BFKT, we adopt a Bayesian setting. Our model estimates are given by the mean of the posterior distri-

bution of the various parameters. At each step of an iterated procedure, we need to draw from the posterior

distribution of these parameters. As the posterior distribution of the model is not tractable, we use the Gibbs

Sampling algorithm to draw from this law at each step.

3.1 Principles of the Gibbs Sampler

Given a parameter set and data, the Gibbs sampler relies on the recursive and repeated computations of the

conditional distribution of each parameter, conditional on all others and conditional on the data. We thus need

to specify a prior density for each parameter. Let us just recall that the conditional distribution satisfies:

l(p|P(p), data) ∝ l(data|P)π(p)

wherep is a given parameter,P(p) denotes all other parameters, andπ(p) is the prior density ofp.

In addition to increased separability, the Gibbs Sampler allows an easy treatment of latent variables through

the so-called data augmentation procedure. Therefore, completion of the censored observations becomes pos-

sible. In particular, in our model, we do not observe latent variablesm∗
it, y∗it. Censored or unobserved data are

simply “augmented ”.

Finally, the Gibbs Sampler procedure does not involve optimization algorithms. Simulation of conditional

densities is the only computation required. Notice however that when the densities have no conjugate (i.e.
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when the prior and the posterior do not belong to the same family), we use the standard Hastings-Metropolis

algorithm.

3.2 Application to our Problem

In order to use Bayes’ rule, we have to write the full conditional likelihood that is the density of all variables

(observed and augmented variables, herey, w, m,m∗, y∗) given all parameters (parameters of interest and aug-

mented parameters, denotedP later on). We thus have to properly define the parameter set and to properly

“augment ”our data.

The parameter set is the following:

(
δY
0 , δM

0 ; δY , γM , γY ; δM , γ; δW ; σ2, ρyw, ρym, ρwm; ΣI
)

(14)

andP denotes:

P =
(
δY
0 , δM

0 ; δY , γM , γY ; δM , γ; δW ; σ2, ρyw, ρym, ρwm; ΣI ; θI
)

(15)

When completing the data, special care is needed for mobility, a censored variable. Four cases must be

distinguished depending of the values of(yit−1, yit). Completion is different conditional on these values.

For a given individuali and conditional on both parameters and random effects, we defineXt the completed

endogenous variable as:

Xt = ytyt−1X
11
t + yt−1(1− yt)X10

t + yt(1− yt−1)X01
t + (1− yt)(1− yt−1)X00

t

X11
t =

(
y∗t , yt, wt,m

∗
t−1,mt−1

)

X10
t =

(
y∗t , yt,m

∗
t−1

)

X01
t = (y∗t , yt, wt)

X00
t = (y∗t , yt)

X1 = y1X
1
1 + (1− y1)X0

1

X1
1 = (y∗1, y1, w1)

X0
1 = (y∗1, y1)

Notice also that we do not need to complete the mobility equation at dateT 2. For a given individuali, her

2Even though our notations do not make this explicit, all our computations allow for an individual-specific entry and exit date in the
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contribution to the completed full conditional likelihood is:

L(Xi
T |P) =

(
T∏

t=2

l(Xit|P,Fi,t−1)

)
l(Xi1)

Xi
T = (Xi1, ..., XiT )

Fi,t−1 =
(
Xit−1

)

with:

l(Xit|P,Fi,t−1) = (l(X11
it |P,Fi,t−1))yit−1yit(l(X10

it |P,Fi,t−1))yit−1(1−yit)

(l(X01
it |P,Fi,t−1))(1−yit−1)yit(l(Xit|P,Fi,t−1))

(1−yit−1)(1−yit)

Thus, the full conditional likelihood writes as:

L(XT |P) =
(

1
V w

)∑N
i=1

∑T
t=1 yit

2
(

1
V m

)∑N
i=1

∑T−1
t=1 yit

2

N∏

i=1

(Iy∗i1>0)yi1(Iy∗i1≤0)1−yi1 exp
(
−1

2
(y∗i1 −my∗i1)

2

)
exp

(
− yi1

2V w
(wi1 −Mw

i1)
2
)

T∏

t=2

(Iy∗it≤0)1−yit(Iy∗it>0)yit exp
(
−1

2
(y∗it −my∗it)

2

)

exp
(
− yit

2V w
(w∗it −Mw

it )
2
) (

(Im∗
it−1≤0)1−mit−1(Im∗

it−1>0)mit−1

)yit−1yit

exp
(
−yit−1

2V m
(m∗

it−1 −Mm
it−1)

2
)

with:

− V w = σ2(1− ρ2
yw)

− V m =
1− ρ2

yw − ρ2
ym − ρ2

wm + 2ρywρymρwm

1− ρ2
yw

− Mm
it = mm∗

it
+

ρy,m − ρw,mρy,w

1− ρ2
y,w︸ ︷︷ ︸

a

(y∗it −my∗it) +
ρw,m − ρy,mρy,w

σ(1− ρ2
y,w)︸ ︷︷ ︸

b

(wit −mwit)

− Mw
it = mwit + σρy,w(y∗it −my∗it)

and the residual correlations are parameterized by:

panel.
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θ =




θyw

θym

θwm


(16)




ρyw

ρym

ρwm


 =




cos(θyw)

cos(θym)

cos(θyw) cos(θym)− sin(θyw) sin(θym) cos(θwm)


(17)

Finally, we define the various prior distributions as follows:

δY
0 ∼ N (mδY

0
, vδY

0
) δM

0 ∼ N (mδM
0

, vδM
0

)

δY ∼ N (mδY , vδY ) γY ∼ N (mγY , vγY )

γM ∼ N (mγM , vγM ) δW ∼ N (mδW , vδW )

δM ∼ N (mδM , vδM ) γ ∼ N (mγ , vγ)

σ2 ∼ IG(
v

2
,
d

2
) θ ∼iid U [0, π]

ηj ∼iid U [0, π] j = 1...10 γj ∼iid N (mγj , vγj ) j = 1...5

Based on these priors and the full conditional likelihood, all posterior densities can be evaluated (details

can be found in the Appendix). The Gibbs Sampler can be used for estimation purposes using data sources that

we describe in some detail now.

4 Data

The data on workers come from two data sources, the Déclarations Annuelles de Données Sociales (DADS) and

the Echantillon Démographique Permanent (EDP) that are matched. Our first source, the DADS (Déclarations

Annuelles de Données Sociales), is an administrative file based on mandatory reports of employees’ earnings

by French employers to the Fiscal administration. Hence, it matches information on workers and on their

employing firm. This dataset is longitudinal and covers the period 1976-1995 for all workers employed in the

private and semi-public sector and born in October of an even year. Finally, for all workers born in the first four

days of October of an even year, information from the EDP (Echantillon Démographique Permanent) is also

available. The EDP comprises various Censuses and demographic information. These sources are presented in

more detail in the following paragraphs.

The DADS data set:Our main data source is the DADS, a large collection of matched employer-employee
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information collected by INSEE (Institut National de la Statistique et des Etudes Economiques) and maintained

in the Division des revenus. The data are based upon mandatory employer reports of the gross earnings of

each employee subject to French payroll taxes. These taxes apply to all “declared ”employees and to all self-

employed persons, essentially all employed persons in the economy.

The Division des revenus prepares an extract of the DADS for scientific analysis, covering all individuals

employed in French enterprises who were born in October of even-numbered years, with civil servants ex-

cluded.3 Our extract runs from 1976 through 1995, with 1981, 1983, and 1990 excluded because the underlying

administrative data were not sampled in those years. Starting in 1976, the division revenus kept information on

the employing firm using the newly created SIREN number from the SIRENE system. However, before this

date, there was no available identifier of the employing firm. Each observation of the initial data set corresponds

to a unique individual-year-establishment combination. The observation in this initial DADS file includes an

identifier that corresponds to the employee (called ID below) and an identifier that corresponds to the estab-

lishment (SIRET) and an identifier that corresponds to the parent enterprise of the establishment (SIREN). For

each observation, we have information on the number of days during the calendar year the individual worked

in the establishment and the full-time/part-time status of the employee. For each observation, in addition to the

variables mentioned above, we have information on the individual’s sex, date and place of birth, occupation,

total net nominal earnings during the year and annualized net nominal earnings during the year for the individ-

ual, as well as the location and industry of the employing establishment. The resulting data set has 13,770,082

observations.

The Echantillon Démographique Permanent:The division of Etudes Démographiques at INSEE main-

tains a large longitudinal data set containing information on many socio-demographic variables of all French

individual. All individuals born in the first four days of the month of October of an even year are included in

this sample. All questionaires for these individuals from the 1968, 1975, 1982, and 1990 Censuses are gathered

into the EDP. Since the exhaustive long-forms of the various Censuses were entered under electronic form only

for a fraction of the population leaving in France (1/4 or 1/5 depending on the date), the division des Etudes

Démographiques had to find all the Censuses questionaires for these individuals. The INSEE regional agen-

cies were in charge of this task. But, not all information from these forms were entered. The most important

socio-demographic variables are however available.4

For every individual, education measured as the highest diploma and the age at the end of school are

collected. Since the categories differ in the three Censuses, we first created eight education groups (identical to

3Individuals employed in the civil service move almost exclusively to other positions within the civil service. Thus the exclusion of
civil servants should not affect our estimation of a worker’s market wage equation. see Abowd, Kramarz, and Margolis (1999).

4Notice that no earnings or income variables have ever been asked in the French Censuses.
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those used in Abowd, Kramarz, and Margolis, 1999). The following other variables are collected: nationality

(including possible naturalization to French citizenship), country of birth, year of arrival in France, marital

status, number of kids, employment status (wage-earner in the private sector, civil servant, self-employed,

unemployed, inactive, apprentice), spouse’s employment status, information on the equipment of the house or

appartment, type of city, location of the residence (region and department). At some of the Censuses, data on

the parents education or social status are collected.

In addition to the Census information, all French town-halls in charge of Civil Status registers and cere-

monies transmit information to INSEE for the same individuals. Indeed, any birth, death, wedding, and divorce

involving an individual of the EDP is recorded. For each of the above events, additional information on the date

as well as the occupation of the persons concerned by the events are collected.

Finally, both Censuses and Civil Status information contain the person identifier (ID) of the individual.

Creation of the Matched Data File: Based on the person identifier, identical in the two datasets (EDP and

DADS), it is possible to create a file containing approximately one tenth of the original 1/25th of the population

born in october of an even year, i.e. those born in the first four days of the month. Notice that we do not have

wages of the civil-servants (even though Census information allows us to know if someone has been or has

become one), or the income of self-employed individuals. Then, this individual-level information contains the

employing firm identifier, the so-called SIREN number, that allows us to follow workers from firm to firm and

compute the seniority variable. This final data set has approximately 1.5 million observations.

5 Results

5.1 Specification and Identification

First, we describe the variables included in each equation. The wage equation is standard for most of its

components and includes, in particular, a quadratic function of experience and seniority. It also includes the

following individual characteristics: the sex, the marital status and if unmarried an indicator for living in couple,

an indicator for living in the Ile de France region, the département (roughly a U.S. county) unemployment rate,

an indicator for French nationality for the person as well as for his (her) parents, and cohort effects. We also

include information on the job: an indicator function for part-time work, and 14 indicators for the industry of

the employing firm. We also include year indicators. Finally, and following the specification adopted in BFKT,

we include a function, denotedJW
it , that captures the sum of all wage changes that resulted from the moves

until datet. This term allows for a discontinuous jump in one’s wage when he/she changes jobs. The jumps are

allowed to differ depending on the level of seniority and total labor market experience at the point in time when
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the individual changes jobs. Specifically,

(18) JW
it = (φs

0 + φe
0ei0) di1 +

Mit∑

l=1




4∑

j=1

(
φj0 + φs

jstl−1 + φe
jetl−1

)
djitl


 .

Suppressing thei subscript, the variabled1tl equals1 if the lth job lasted less than a year, and equals0

otherwise. Similarly,d2tl = 1 if the lth job lasted between 1 and 5 years, and equals0 otherwise,d3tl = 1 if

the lth job lasted between 5 and 10 years, and equals0 otherwise,d4tl = 1 if the lth job lasted more than 10

years and equals0 otherwise. The quantityMit denotes the number of job changes by theith individual, up

to timet (not including the individual’s first sample year). If an individual changed jobs in his/her first sample

thendi1 = 1, anddi1 = 0 otherwise. The quantitieset andst denote the experience and seniority in yeart,

respectively.5

Turning now to the mobility equation, most variables included in the wage equation are also present in the

mobility equation at the exclusion of theJW
it function. However, an indicator for the lagged mobility decision

and indicators for having children between 0 and 3, and for having children between 3 and 6 are now included

in this equation but are not present in the wage equation.

The participation equation is very similar to the mobility equation. For obvious reasons though, seniority

that was present in the latter equation is now excluded. And for the same reason, other variables specific to

a job - the part-time status and the employing industry - are excluded from the participation equation. Now,

the lagged participation decision (or employment status) is included in the participation equation whereas this

variable is meaningless in the mobility equation since mobility implies participating in both the previous and

the contemporaneous years, as discussed in the Statistical Model Section.

Finally, the initial mobility and participation equations are simplified versions of these equations.

As is directly seen from the above equations, we have used multiple exclusion restrictions. For instance,

and for obvious reasons, the industry affiliation is included in both wage and mobility equations but not in the

participation equation. Conversely, the children variables are not present in the wage equation but are included

in the two other equations (this exclusion was decided after due testing). Furthermore, theJW
it function is

included in the wage equation but not in the participation and mobility equations. Unfortunately, there appears

to be no good exclusion that would guarantee convincing identification of the initial conditions equations,

5This specification for the termJW
it produces thirteen different regressors in the wage equation. These regressors are: a dummy

for job change in year 1, experience in year 0, the numbers of switches of jobs that lasted less than one year, between 2 and 5 years,
between 6 and 10 years, or more than 10 years, seniority at last job change that lasted between 2 and 5 years, between 6 and 10 years,
or more than 10 years, and experience at last job change that lasted less than one year, between 2 and 5 years, between 6 and 10 years,
or more than 10 years.
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except functional form (the normality assumptions).

5.2 Results for Certificat d’Etudes Primaires Holders (High-School Dropouts)

In France, apart from those quitting the education system without any diploma (with the possible confusion of

missing response to the education question in the various Censuses), the Certificat d’Etudes Primaires (CEP

hereafter) holders are those leaving the system with the lowest possible level of education. They are essentially

comparable to High-School dropouts in the United States. Table 1 presents estimation results for the wage

equation for each education group. Table 2 presents estimation results for the participation equation, once

again for each education group. Table 3 presents estimation results for the inter-firm mobility equations for the

four education groups. Table 4 presents estimation results for the initial conditions equations, and Table 5 gives

our estimates of the variance-covariance matrices for the individual effects (across the five equations) and for

the idiosyncratic effects (across the three main equations).

Wage Equation: Since estimating returns to seniority is one of the main motivations for adopting the joint

system estimation strategy, we first see that the returns are small,0.3% per year (in the first years). Returns to

experience are ten times larger than returns to tenure. Results of Table 1 show that the timing of the mobilities

in a career barely matters. More precisely, for the CEP category, each switch of job adds approximately65% to

the wage. However, one must add to the constant a component proportional to seniority and experience at exit

of the last job. But virtually none of these coefficients are significantly different from zero. Early moves in the

career are not good and moves after long stays in a job are marginally detrimental.

In this first table, two more facts are worthy of notice. First, and confirming results by Abowd, Kramarz,

Lengermann, and Roux (2004), interindustry wage differences are relatively compressed (when compared with

groups with a higher level of education), a consequence of minimum wages for a category that includes many

workers at the bottom of the wage distribution. Second, when correcting for mobility and participation, low-

education foreigners are better paid than nationals.

Participation and Mobility Equations: Tables 2 and 3 present our estimates of the participation and mo-

bility equations respectively, for CEP workers. Table 4 presents our estimates for the initial conditions, for the

same CEP workers. Most results are unsurprising. For instance, having low-age children lowers participation

but has no effect on mobility. More interesting are the coefficients on the lagged mobility and lagged partici-

pation. In contrast with most previous estimates, we are able to apportion state-dependence and heterogeneity.

Unsurprisingly, past participation and past mobility favors participation. More surprisingly though past mobil-

ity is associated with more mobility today. Therefore, workers are mobile both because some of them may be

high-mobility workers. But, lagged dependence is obviously a reflection of French labor market institutions
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where workers often go from short-term contracts to short-term contracts, irrespective of their “tastes”. Unfor-

tunately, our data sources do not tell us the nature of the contract. Furthermore, this last result stands in sharp

contrast with those obtained by BFKT who estimate a negative sign, more in line with the free choice view of

mobility. Furthermore, seniority affects positively mobility, in contrast to what is found in BFKT for this group.

Stochastic Components:Table 5 presents estimates of variance-covariance components of the individual

effects for our five equations in the first panel and of the residuals of the three main equations in the second

panel. The results clearly show that those who participate are also relatively high-wage workers (both in terms

of individual effects and in terms of error term).

5.3 Results for CAP-BEP holders (Vocational Technical School, basic)

One element that distinguishes continental education systems, the French as well as the German, is the existence

of well-developed apprenticeship training. Indeed, this feature is well-known for Germany but it is also quite

important in France. Students who obtain the CAP (Certificat d’Aptitude Professionnelle) or the BEP (Brevet

d’Enseignement Professionnel) have spent part of their education in firms and the rest within schools where

they were taught both general and vocational subjects. It has no real equivalent in the US system.

Wage Equation: Returns to tenure, presented in Table 1, for workers with a vocational technical education

are negative, almost significantly so. We believe that negative returns are not only possible but confirmed by

many features of the French labor market, as well as other empirical evidence that we discuss now. Most

important to understand this feature is theJW function. Results are indeed very similar to those obtained

for high-school dropouts. In particular, job changes always entail a large wage gain, roughly equal to 65%,

unrelated to the seniority at the moment of the change. However, and in contrast with dropouts, a move very

early in the career has a small negative effect (-0.5%) and more significant, a move late in a career within a

firm. Indeed, moves after more than 10 years of seniority generate a wage loss of more than -2% per year of

seniority which is not compensated by the 1.3% increase per year of experience.

Participation and Mobility Equations: The estimated coefficients for the participation equation are very

similar to those obtained for the previous group. More interestingly, and related to the wage equation, we

find no evidence of lagged dependence in mobility. However, mobility is only mildly related to seniority

(more seniority inducing less mobility). Hence, workers appear to move at virtually all tenures, because they

lose nothing – on the contrary – by doing so, with one exception though for very long tenures. Notice also

that having young children affects strongly both participation and initial participation equation, in contrast to

college-educated groups.

Stochastic Components:For this group, most components are not significantly different from zero. Only
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participation and wage person effects are positively correlated. In contrast, the same correlation is negative,

significantly so but mildly, for the idiosyncratic error terms.

5.4 Results for Baccalauréat Holders (High-School Graduates)

High-school graduation in France means that students have succeeded in a national exam, called the Baccalau-

réat. It is a passport to higher education, even though not all holders of the Baccalauréat go to a University.

And, furthermore, since many students who attend university never obtain a degree the group here potentially

includes workers who never completed any degree in the higher education system.

Wage Equation: Indeed, results for this group, presented again in Table 1, are very similar to those given

for the CEP holders. Returns to experience are large but returns to seniority are essentially zero. However,

the estimates for theJW function are very striking. First, there is a clear decrease in returns to mobility

when comparing short job spells and long job spells. In particular, mobility after ten years in a job brings

approximately a 35% bonus when mobility after up to 5 years in a job appears to add 100%. In addition, the

component proportional to seniority is very negative for the long job spells, destroying 3.5% per year. Hence,

a mobility after ten years in a job generates an average loss of at least 35% of the wage in comparison with

mobilities at shorter tenures. Notice though that the component proportional to experience is increasing with

experience and partly compensate for these relative losses.

Participation and Mobility Equations: Most results are very consistent with those obtained previously

for the CEP holders (all in Tables 2 and 3) . Interestingly though, the positive lagged dependence of mobility

disappears and even becomes marginally negative, a result that is consistent with results for the US. In contrast

to results obtained for CEP holders, the seniority coefficient in the mobility equation is not significantly different

from zero. Hence, the Baccalauréat group is quite special in that display no clear pattern of mobility within a

job, a potential reflection that careers where affected by involuntary job losses, at long tenures.

Stochastic Components:For workers in this category, central are the positive correlations between the

participation and the wage equations that come both from individual effects and from idiosyncratic terms. But

high-wage individuals are low-mobility workers. In addition, the participation and mobility idiosyncratic error

terms are highly positively correlated, another proof that non-participation (non-employment) and mobility are

negatively associated.
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5.5 Results for University and Grandes Ecoles Graduates

Another element that distinguishes the French education system from other continental education systems as

well as from the American system is the existence of a very selective set of so-called Grandes Ecoles that work

in parallel with Universities. The former system delivers masters degrees mostly in engineering and in business.

It is very selective, in contrast to the rest of higher education.

Wage Equation: Interestingly, results for the group of graduates stand in sharp contrast with those obtained

for the other education groups (see Table 1). Not because returns to experience differ but mostly because returns

to seniority are now sizeable, approximately1% per additional year.6 Furthermore, the estimatedJW function

is also specific to that group. More precisely, wage gains not only come from the number of job changes but

also from the timing of these changes. Optimally, job changes after at most 5 years in that job are those most

profitable since they add4.5% per year of seniority to the starting point of the new job. Hence, say after 5 years

in a job, a graduate worker loses from the lost seniority (5%) but gains from the move (approximately80%)

and from the moment of the move (23%) and may lose something if the move was made too early in the career.

Notice that any move made later in the career, i.e. after 5 years of experience entails no loss nor gain due to

experience.

Other interesting facts must be noted for this group of graduates. First, working part-time entails much

bigger losses than for other groups. Furthermore, sizeable inter-industry wage differences can be found. As

mentioned above, such results are perfectly in line with those estimated by Abowd, Kramarz, Lengermann, and

Roux (2004) in their comparison of France and the United States. Wage differences mostly come from the

upper part of the wage distribution. Finally, for all other education groups, foreigners were better compensated

than nationals. Here, this is the contrary. Getting a higher education may be a solution to employment problems

for those born abroad (Maghreb, Portugal,...). But, even though we can not use the word discrimination, pay is

lower potentially reflecting a limited access to the Grandes Ecoles, the most selective and high-paying education

within this graduate group.

Participation and Mobility Equations: Mobility for this group displays no lagged dependence. Further-

more, workers’ mobility is virtually not related to seniority. And there is no relation between mobility and

experience; evidence that engineers and professionals careers entail job changes at all ages. In the participation

equation, the relatively large coefficient on the lagged participation indicator is a reflection of the labor market

orientation of those endowed with a higher graduate education. Furthermore, and in contrast to all other groups,

participation choices are not affected by having young children. Indeed, this very educated group obviously

6(Results for the group of University Technical University undergraduates are very similar to those presented in this subsection.
Hence we do not report them.
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selected their education because they wanted to work (remember that participation is, in fact, employment).

Stochastic Components:As found before, high-participation individuals are also high-wage individuals,

but this much less so than for other groups, another reflection that the choice of a high-level education signals

a high willingness to work and, indeed, to find a job. And, individuals faced with a positive idiosyncratic wage

shock are also faced with a positive mobility shock.

6 A Comparison with the United States

6.1 Facts

In this subsection, we compare our results with those obtained by BFKT for the United States using exactly

the same model specification with two initial equations for mobility and participation, with three equations for

wage, mobility and participation, the last two including lagged dependence. In addition, the same stochastic

assumptions were made, that is the error terms were the sum of an individual effect (one for each of the five

equations, all potentially correlated) and an idiosyncratic term for the three main equations (all potentially

correlated). The model was estimated for three education groups: high-school dropouts, high-school graduates,

and college graduates. The PSID was used for estimation. Some variables included in BFKT were not available

in the panel that we use, in particular race. We present a comparison of the estimates for a subset of the

parameters that we believe are the most telling and important. Estimates for the College Educated group are

presented in Table 6 whereas estimates for High-School Dropouts are presented in Table 7.

The first difference to be noted is essentially in the estimated returns to seniority. They are large in the

United States and small in France. We discuss this fact in the next subsection extensively. Related to this, we

see that returns to experience are slightly larger in France than in the United States for the two groups. But the

total of returns to experience and returns to seniority is much larger in the U.S.. Indeed, when considering how

wages behave after job mobility, we have to compare the estimatedJW functions. Here again, some differences

stand out. First, the part proportional to the number job to job switches appear to be better compensated in

France than in the U.S.; in particular, those movements out of jobs that lasted at most 5 years. Whereas in the

United States, movements out of jobs that lasted more than 10 years are much better compensated than other

movements. Notice the similarities across countries in the part of theJW function proportional to seniority

for the college educated: movements exactly after 5 years in a job appear to be most profitable. However,

for the high-school dropouts, movements after very long periods in a job are better rewarded in the United

States whereas movements before 6 years in a job appear to be (marginally) better in France for this category.

To summarize, short spells appear to be (slightly) the most profitable in France, the reverse being true in the
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United States.

Other facts on wages are worthy of notice. We already mentioned some of them in our discussion of the

French results. In particular, inter-industry wage differentials are less compressed in the top part of the wage

distribution in France but are large in every education group in the United States.

Related to differences on wage determination that we just described, differences in the mobility processes

between France and the United States must be stressed. First, in the United States, the mobility process always

displays negative lagged dependence; after a move a worker tends to stay at the next period. This is not true

in France. First, for the college educated workers there is no state dependence in the mobility process. But,

more striking, there is positive state dependence in the mobility process for the CEP holders. Hence, a worker

who just moved is more likely to move again, a consequence, as noted above, of repeated employment of low-

education workers in sequences of short-term contracts. However, in the United States, workers tend to move

early in a job (negative sign on the seniority coefficient in the mobility equation); a feature of the American

labor market. But, this is not so for the two education groups in France where the CEP holders tend to move

more often at longer tenures (and mildly so for the college-educated).

Finally, the comparison of the variance-covariance matrices of individual effects and of the variance-

covariance matrices of idiosyncratic effects across the two countries confirms previous findings. First, the

U.S. data source (the PSID) because of its survey structure captures initial conditions much better than the

French data source (the DADS-EDP, of administrative origin). In particular the former has much better initial

variables whereas imputations had to be performed in 1976 for the latter. Second, concentrating on the correla-

tion of individual effects in the three main equations, participation and wage are highly positively correlated in

both countries. But, when mobility equation is involved, signs are similar in the two countries for both groups

of education but the estimates are imprecise in France. Finally, high-mobility individuals are clearly low-wage

and low-participation individuals in the United States, stressing again the different role played by mobility in

the two countries.

6.2 Returns to Seniority as an “Incentive Device”?

A natural question arising from the above comparison can be formulated as follows. Are the different features

that seem to prevail in each country related ? Or, put differently, are the small estimated returns to seniority

in France related to the patterns of mobility as estimated above, in particular to the relatively low job-to-job

transition rates, as well to the relatively high risk of losing one’s job ? Whereas, in the United States, are

the large estimated returns to seniority related to this country patterns of mobility as estimated in BFKT and

discussed just above, in particular the relatively high job-to-job transition rates, the low unemployment rate and
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the relatively high probability of exit out of unemployment ?

In this subsection, we show that these features are indeed part of a system. An equilibrium search model

with wage-tenure contracts is shown to be a good tool for understanding and summarizing this system . The

properties of the wage profiles at the stationary equilibrium are contrasted using the respective characteristics

of the two labor markets.

The characteristics that matter for both our estimates and this model are the following. In France, the

unemployment rate is muc larger than in the US (9.4% vs. 5,7% in March 2004 according to OECD data

sources). Consequently, the job offer arrival rate can be assumed to be larger in the US than in France. Indeed,

Jolivet, Postel-Vinay and Robin (2004), using a job search model, have estimated the job arrival rates for the

US (PSID, 1993-1996) and several European countries (ECHP, 1994-2001). The estimated job arrival rate is

more than three times larger on the US labor market than on the French one (1.7114 per annum vs. 0.5614).

The job search model used in this endeavor was developed recently by Burdett and Coles (2003). In particu-

lar, this model generates an unique equilibrium wage-tenure contract. We show that this wage-tenure contract is

such that the slope of the wage function with respect to job tenure, for the first months or years, is an increasing

function of the job offer arrival rate. Hence, it is an increasing function of the realized mobility on the labor

market.

We start by summarizing the important aspects of the model. In Burdett and Coles (2003), the individuals

are risk adverse. Letλ denote the job offers arrival rate andδ is the arrival rate of new workers into the

labor force and the outflow rate of workers out from the labor market. Letp denote the instantaneous revenue

received by firms for each worker employed andb is the instantaneous benefit received by each unemployed

worker (p > b > 0).

The equilibrium is unique and is such that the optimal wage-tenure contract selected by a firm offering the

lower starting wage satisfies

(19)
dw

d t
=

δ√
p− w2

p− w

u′(w)

∫ w2

w

u′(s)√
p− s

d s

with the initial conditionw(0) = w1 and wherew1, w2 are such that

(20)

(
δ

λ + δ

)2

=
p− w2

p− w1
,

(21) u(w1) = u(b)−
√

p− w1

2

∫ w2

w1

u′(s)√
p− s

d s,
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where[w1;w2] is the support of the distribution of wages paid by the firms (w1 < b andw2 < p).

Let us assume that the utility function is CRRA,u(w) = w1−σ

1−σ (σ > 0). Burdett and Coles (2003) show

that the optimal wage-tenure contract, namely the baseline salary contract, is such that there exists a tenure such

that, from this tenure on, this (baseline salary) contract is identical to the contract offered by a high-wage firm

with a higher entry wage.

(22)
d2 w

d t2
=

(
dw

d t

)2 1
p− w

[σ p

w
− (σ + 1)

]
− δ

√
p− w√
p− w2

dw

d t

with the initial conditionsw(0) = w1 and

(23)
dw(0)

d t
=

δ√
p− w2

p− w1

u′(w1)

∫ w2

w1

u′(s)√
p− s

d s

The differential equation22 is highly non linear and have to be solved numerically. This can done by setting

(λ, δ, σ, p) to some values and using, for instance, the procedure NDSolve of Mathematica.

In order to study the behavior of the wage-tenure contract curve with respect to the values of the job offers

arrival rate, we have used the same parameter values as Burdett and Coles (see their section 5.2). Hence, we have

setp = 5, δ
λ = 0.1 andb = 4.6. For each value of the relative risk aversion coefficient (σ ∈ {0.2, 0.4, 0.8, 1.4}),

we solve the system of equations(22)-(23) numerically for a set a values of the job offers arrival rate. The

results are depicted in Figure6.2 for σ = 0.2, in Figure6.2 for σ = 0.4, in Figure6.2 for σ = 0.8 and in Figure

6.2 for σ = 1.4. The Figures present these wage contract curves for the first 10 years of seniority. For all values

of the relative risk aversion coefficient, we see that wage increases much more rapidly, in particular during the

first year, for larger job offers arrival rates.

Using the values of the job offers arrival rates (per year) estimated by Jolivet, Postel-Vinay and Robin

(2004) for France and the US, the U.S. situation corresponds to the curve whereλ = 0.005 and the French

labor market to the curve whereλ = 0.001. And, for all relative risk aversion coefficients, the equilibrium

wage-tenure contract curves are such that the high mobility country (the United States) has much higher returns

to seniority than the low mobility country (France).

Two points are worth mentioning at this stage. First, we take - as firms appear to be doing - institutions that

affect mobility as given. For instance, the housing market is much more fluid in the United States than in France

(because, for instance, of strong regulations and transaction costs). Or, subsidies and government interventions

preventing firm to go bankrupt seem more prevalent in France, dampening the forces of “creative destruction
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”in this country. And firms must react within this environment. Therefore, French firms face a workforce

that is mostly stable with little incentives to move, even after an involuntary separation. Second, as a recent

paper by Wasmer argues (Wasmer, 2003), it is likely that French firms will invest in firm-specific human capital

for this exact reason. In contrast, American firms face a workforce that is very mobile. Therefore, following

again Wasmer (2003), these firms should rely on general human capital. Now, does it mean that returns to

seniority should be large in France and small in the United States ? Or, put differently, should French firms

pay for something they get “by construction” (of the institutions). This is, we believe, the misconception that

has plagued some of this research in the recent years. And, the above model gets it right. The optimal tenure

contract when mobility is strong should be larger than when mobility is weak.
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7 Conclusion

In this article, we estimated returns to seniority in a structural framework in which participation, mobility and

wages are jointly modelled. We include both state-dependence and unobserved correlated individual hetero-

geneity in the decisions. To estimate this complex structure, we use Bayesian techniques. The model is esti-

mated using French longitudinal data sources for the period 1976-1995. Results presented for four groups of

education show that returns to seniority are virtually zero, potentially negative for some low-education groups,

slightly positive for college-educated workers (1% per year of seniority). A comparison with results obtained

for the United States by BFKT using the exact same specification and similar estimation techniques (on the

PSID) shows that returns to seniority are much lower in France and that returns to experience are virtually

identical. Furthermore, unreported results (available from the authors) show that OLS estimates of the returns

to seniority are much higher than those obtained for our system of equations. In addition, the same unreported

results demonstrate that instrumental variables estimation following exactly Altonji’s suggestions give results

that look relatively similar to those obtained for our system of equations. Estimates are always lower than those

obtained with OLS. However, Altonji’s IV technique gives sometimes slightly higher estimates than those we

obtain for our system (low education groups) and sometimes slightly lower estimates than those we obtain for

our system (college-educated workers). This comparison for France stands in sharp contrast with that for the

United States; results in BFKT show that Altonji’s technique yields much lower returns to seniority than those

obtained for the system of equations. Still, using Altonji’s technique in both countries, our result still holds:

returns to seniority are lower in France than in the United States.

Hence, modelling jointly mobility and participation with wages has non-trivial consequences that may

vary across countries. In particular, the labor market institutions and state (high unemployment versus low

unemployment, among other things) or other market institutions such as the housing market that may favor

or discourage mobility are likely to have far-reaching effects on these mobility and participation processes.

Techniques that do not deal directly with these questions are likely to give incomplete answers.
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A Mobility equation

A.1 Parameterγ

This parameter entersmmit∗ for t = 2, ..., T − 1

mmit∗ = γmit−1 + XM
it δM + ΩI

i θ
M,I

If we put apart this term in the full conditional likelihood, we get:

N∏

i=1

T−1∏

t=2

exp
(
− yit

2V m
(m∗

it −Mm
it )2

)
= exp

(
− 1

2V m

N∑

i=1

(m̃∗
i

2,T−1 − M̃m
i

2,T−1
)′(m̃∗

i

2,T−1 − M̃m
i

2,T−1
)

)

= exp

(
− 1

2V m

N∑

i=1

(Ãi

2,T−1 − γL̃mi

2,T−1
)′(Ãi

2,T−1 − γL̃mi

2,T−1
)

)

with:
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• Mm
it = mm∗

it
+

ρy,m − ρw,mρy,w

1− ρ2
y,w︸ ︷︷ ︸

a

(y∗it −my∗it) +
ρw,m − ρy,mρy,w

σ(1− ρ2
y,w)︸ ︷︷ ︸

b

(wit −mwit)

• m̃∗
i

2,T−1
=




yi2m
∗
i2

...

yiT−1m
∗
iT−1




• M̃m
i

2,T−1
=




yi2M
m
i2

...

yiT−1M
m
iT−1




• Ait = m∗
it −Mm

it + γmit−1 = m∗
it −XM

it δM − ΩI
i θ

I,M − a(y∗it −my∗it)− b(wit −mwit)

By gathering squared and crossed terms, we get:

V post,−1
γ = V prior,−1

γ +
1

V m

N∑

i=1

(
L̃mi

2,T−1
)′

L̃mi

2,T−1

V post,−1
γ Mpost

γ = V prior,−1
γ Mprior

γ +
1

V m

N∑

i=1

(
L̃mi

2,T−1
)′

Ãi

2,T−1

A.2 ParameterδM

We proceed the same way as before and we get with analogous notations:

V post,−1
δM = V prior,−1

δM +
1

V m

N∑

i=1

(
X̃M

i

2,T−1
)′

X̃M
i

2,T−1

V post,−1
δM Mpost

δM = V prior,−1
δM Mprior

δM +
1

V m

N∑

i=1

(
X̃M

i

2,T−1
)′

Ãi

2,T−1

with Ait = m∗
it −Mm

it + δMXM
it = m∗

it − γmit−1 − ΩI
i θ

I,M − a(y∗it −my∗it)− b(wit −mwit)

B Wage equation

B.1 ParameterδW

We have to take into account thatδW enters bothmwit for t = 1...T andMm
it for t = 1...T − 1.
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Thus if we put apart these terms in the full conditional likelihood, we get:

N∏

i=1

exp

(
− 1

2V w

T∑

t=1

yit(wit −Mw
it )

2

)
exp

(
− 1

2V m

T−1∑

t=1

yit(m∗
it −Mm

it )2
)

=
N∏

i=1

exp

(
− 1

2V w

T∑

t=1

yit(Ait −XW
it δW )2

)
exp

(
− 1

2V m

T−1∑

t=1

yit(Bit + bXW
it δW )2

)

with:

• wit −Mw
it = Ait −XW

it δW

• m∗
it −Mm

it = Bit + bXW
it δW

which is equivalent to:

• Ait = wit − ΩI
i θ

I,W − ρy,wσ(y∗it −my∗it))

• Bit = m∗
it −mm∗

it
− a(y∗it −my∗it)− b(wit − ΩI

i θ
I,W )

If we use analogous notations as before, we get:

V post,−1
δW = V prior,−1

δW +
1

V w

N∑

i=1

(
X̃W

i

1,T
)′

X̃W
i

1,T

+
b2

V m

N∑

i=1

(
X̃W

i

1,T−1
)′

X̃W
i

1,T−1

V post,−1
δW Mpost

δW = V prior,−1
δW Mprior

δW +
1

V w

N∑

i=1

(
X̃W

i

1,T
)′

Ãi

1,T − b

V m

N∑

i=1

(
X̃W

i

1,T−1
)′

B̃i

1,T−1

C Participation equation

C.1 ParameterγY

We have to take into account thatγY enters bothmy∗it for t = 2...T , Mw
it for t = 2...T andMm

it for t = 2...T−1

Thus if we put apart these terms in the full conditional likelihood, we get:

N∏

i=1

exp

(
−1

2

T∑

t=2

(y∗it −my∗it)
2 − 1

2V w

T∑

t=2

yit(wit −Mw
it )

2 − 1
2V m

T−1∑

t=2

yit(m∗
it −Mm

it )2
)

=
N∏

i=1

exp

(
−1

2

T∑

t=2

(Ait − γY Lyit)2 − 1
2V w

T∑

t=2

yit(Bit + ρy,wσγY Lyit)2 − 1
2V m

T−1∑

t=2

yit(Cit + aγY Lyit)2
)
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with:

• y∗it −my∗it = Ait − γY Lyit

• wit −Mw
it = Bit + ρy,wσγY Lyit

• m∗
it −Mm

it = Cit + aγY Lyit

which is equivalent to:

• Ait = y∗it − γMLmit −XY
it δY − ΩI

i θ
I,Y

• Bit = wit −mwit − ρy,wσAit

• Cit = m∗
it −mm∗

it
− b(wit −mwit)− aAit

If we use analogous notations as before, we get:
V

post,−1
γY

= V
prior,−1
γY

+
N∑

i=1

(
Ly

2,T
i

)′
Ly

2,T
i

+
ρ2

y,wσ2

V w

N∑

i=1

(
L̃y

i

2,T
)′

L̃y
i

2,T
+

a2

V m

N∑

i=1

(
L̃y

i

2,T−1)′
L̃y

i

2,T−1

V
post,−1
γY

M
post

γY
= V

prior,−1
γY

M
prior

γY
+

N∑

i=1

(
Ly

2,T
i

)′
A

2,T
i − ρy,wσ

V w

N∑

i=1

(
L̃y

i

2,T
)′

B̃i
2,T − a

V m

N∑

i=1

(
L̃y

i

2,T−1)′
C̃i

2,T−1

C.2 ParameterγM

We proceed the same way and we get:
V

post,−1
γM

= V
prior,−1
γM

+
N∑

i=1

(
Lm

2,T
i

)′
Lm

2,T
i +

ρ2
y,wσ2

V w

N∑

i=1

(
L̃mi

2,T
)′

L̃mi
2,T

+
a2

V m

N∑

i=1

(
L̃mi

2,T−1)′
L̃mi

2,T−1

V
post,−1
γM

M
post

γM
= V

prior,−1
γM

M
prior

γM
+

N∑

i=1

(
Lm

2,T
i

)′
A

2,T
i − ρy,wσ

V w

N∑

i=1

(
L̃mi

2,T
)′

B̃i
2,T − a

V m

N∑

i=1

(
L̃mi

2,T−1)′
C̃i

2,T−1

with:

• Ait = y∗it − γY Lyit −XY
it δY − ΩI

i θ
I,Y

• Bit = wit −mwit − ρy,wσ (Ait)

• Cit = m∗
it −mm∗

it
− b(wit −mwit)− a (Ait)

C.3 ParameterδY

We proceed the same way and we get:
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V
post,−1
δY

= V
prior,−1
δY

+
N∑

i=1

(
X

Y
i

2,T
)′

X
Y
i

2,T
+

ρ2
y,wσ2

V w

N∑

i=1

(
X̃Y

i

2,T
)′

X̃Y
i

2,T
+

a2

V m

N∑

i=1

(
X̃Y

i

2,T−1
)′

X̃Y
i

2,T−1

V
post,−1
δY

M
post

δY
= V

prior,−1
δY

M
prior

δY
+

N∑

i=1

(
X

Y
i

2,T
)′

A
2,T
i − ρy,wσ

V w

N∑

i=1

(
X̃Y

i

2,T
)′

B̃i
2,T − a

V m

N∑

i=1

(
X̃Y

i

2,T−1
)′

C̃i
2,T−1

with:

• Ait = y∗it − γY Lyit − γMLmit − ΩI
i θ

I,Y

• Bit = wit −mwit − ρy,wσ (Ait)

• Cit = m∗
it −mm∗

it
− b(wit −mwit)− a (Ait)

D Initial equations

D.1 ParameterδM
0

δM
0 only entersm∗

i1. We thus get:

V post,−1

δM
0

= V prior,−1

δM
0

+
1

V m

N∑

i=1

(
X̃M

i1

)′
X̃M

i1

V post,−1

δM
0

Mpost

δM
0

= V prior,−1

δM
0

Mprior

δM
0

+
1

V m

N∑

i=1

(
X̃M

i1

)′
Ãi1

with:

• Ai1 = m∗
i1 − ΩI

i α
I,M − a(y∗i1 −my∗i1)− b(wi1 −mwi1)

D.2 ParameterδY
0

We proceed the same way and we get:

V post,−1

δY
0

= V prior,−1

δY
0

+
N∑

i=1

XY
i1
′
XY

i1 +

(
ρ2

y,wσ2

V w
+

a2

V m

)
N∑

i=1

X̃Y
i1

′
X̃Y

i1

V post,−1

δY
0

Mpost

δY
0

= V prior,−1

δY
0

Mprior

δY
0

+
N∑

i=1

XY
i1
′
Ai −

N∑

i=1

X̃Y
i1

′ (ρy,wσ

V w
B̃i +

a

V m
C̃i

)
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with:

• Ai = y∗i1 − ΩE
i αI,Y

• Bi = wi1 −mwi1 − ρy,wσAi

• Ci = m∗
i1 −mm∗

i1
− b(wi1 −mwi1)− aAi

E Latent variables

E.1 Latent participation y∗it

We seek for terms wherey∗it is.

1. For t = 1...T − 1

(a) If yit = 1
y∗it ∼ NT R+(MApost, V Apost)

V Apost,−1MApost = (
σρv,ε

V w
− ab

V m
)(wit −mwit) +

a

V m
(m∗

it −mm∗
it
) + (

σ2ρ2
v,ε

V w
+

a2

V m
+ 1)my∗it

V Apost =
1

1 + a2

V m + σ2ρ2
v,ε

V w

(b) If yit = 0

y∗it ∼ NT R−(my∗it , 1)

2. For t = T

(a) If yiT = 1
y∗iT ∼ NT R+(MApost, 1− ρ2

v,ε)

MApost = (1− ρ2
v,ε)

(
my∗iT (1 +

σ2ρ2
v,ε

V w
) +

σρv,ε

V w
(wiT −mwiT )

)

(b) If yiT = 0

y∗iT ∼ NT R−(my∗iT , 1)
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E.2 Latent mobility m∗
it

Two conditions must be checked: first,t = 1...T − 1 and,yit = 1. When these conditions are fulfilled, we

distinguish between different cases:

1. If yit+1 = 0

m∗
it ∼ N (Mm

it , V m) and mit = I(m∗
it > 0)

2. If yit+1 = 1

(a) If mit = 1

m∗
it ∼ NT R+(Mm

it , V m)

(b) If mit = 0

m∗
it ∼ NT R−(Mm

it , V m)

F Variance-Covariance Matrix of Residuals

We use the Hastings-Metropolis algorithm because our priors are not conjugate (the posterior does not belong

to the same family of distributions as the prior).

G Variance-Covariance Matrices of Individual EffectsΣI
i |(...); z; y, w

The parametersηj , j = 1...10 andγj , j = 1...5 do not enter the full conditional likelihood. They only enter the

prior distributions. Let us denotep the parameter we are interested in amongηj , j = 1...10 andγj , j = 1...5.

l(p|(−p), θI) = l(θI |p)π0(p)

= π0(p)
N∏

i=1

l(θI
i |ΣI

i (p))

∝ π0(p)
N∏

i=1

1√
det(ΣI

i (p))
exp

(
−1

2
θI
i
′
ΣI,−1

i (p)θI
i

)

We face non conjugate distributions therefore we use the independent Hastings-Metropolis algorithm with

the prior distribution as instrumental distribution.

32



?

H Individual effects

The likelihood terms that includeθI writes as:

N∏

i=1

exp
(
−1

2
(y∗i1 −my∗i1)

2

)
exp

(
− yi1

2V w
(wi1 −Mw

i1)
2
)

T∏

t=2

exp
(
−1

2
(y∗it −my∗it)

2

)
exp

(
− yit

2V w
(wit −Mw

it )
2
)

exp
(
−yit−1

2V m
(m∗

it−1 −Mm
it−1)

2
)

with

Mm
it = mm∗

it
+ a(y∗it −my∗it) + b(wit −mwit)

Mw
it = mwit + σρv,ε(y∗it −my∗it)

The following notations are useful:

1. First term

(y∗i1 −my∗i1)
2 = (Ai1 − ΩI

i α
I,Y )2

Ai1 = y∗i1 −XYi1δ
Y
0

2. Second term

yi1(wi1 −Mwi1)
2 = yi1(Bi1 − ΩI

i θ
I,W + ρv,εσΩI

i α
I,Y )2

Bi1 = wi1 −XWi1δ
w − ρv,εσ(y∗i1 −XYi1δ

Y
0 )

B̃i1 = yi1Bi1

Ω̃I
i1 = yi1ΩI

i
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3. Third term

(y∗it −my∗it)
2 = (Cit − ΩI

i θ
Y,I)2

Cit = y∗it −XYitδ
Y − γY yit−1 − γMmit−1

4. Fourth term

yit(wit −Mwit)
2 = yit(Dit − ΩI

i θ
W,I + ρv,εσΩI

i θ
Y,I)2

Dit = wit −XWitδ
w − ρv,εσCit

D̃it = yitDit

Ω̃I
it = yitΩI

i

5. Fifth term

For t > 1

yit(m∗
it −Mm∗

it
)2 = yit(Fit + ΩI

i (−θM,I + aθY,I + bθW,I))2

Fit = m∗
it − γmit−1 −XMitδ

M − aCit − b(wit −XWitδ
w

F̃it = yitFit

For t = 1

yi1(m∗
i1 −Mm∗

i1
)2 = yi1(Gi1 + ΩI

i (−αM,I + aαY,I + bθW,I))2

Gi1 = m∗
i1 −XMi1δ

M
0 − aAi1 − b(wi1 −XWi1δ

w)

G̃i1 = yi1Gi1
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The posterior distribution satisfies:

l(θE |...) ∝ exp
(
−1

2
θI ′DI,−1θI

)

exp

(
−1

2

n∑

i=1

(Ai1 − ΩI
i α

Y,I)2 − 1
2V w

∑

i

(
B̃i1 − Ω̃I

i1(θ
W,I − ρv,εσαY,I)

)2
)

exp

(
−1

2

∑

i

T∑

t=2

(Cit − ΩI
i θ

Y,I)2 − 1
2V w

∑

i

T∑

t=2

(
D̃it − Ω̃I

it(θ
W,I − ρv,εσθY,I)

)2
)

exp

(
− 1

2V m

∑

i

(G̃i1 + Ω̃I
i1(−αM,I + aαY,I + bθW,I))2

)

exp

(
− 1

2V m

∑

i

T−1∑

t=2

(
F̃it + Ω̃I

it(−θM,I + aθY,I + bθW,I)
)2

)

We define several projection operators:P1 = (IJ , 0J , ..., 0J︸ ︷︷ ︸
4 matrices

) and we notice:

P1θ
I = αI,Y

P2θ
I = αI,M

P3θ
I = θI,Y

P4θ
I = θI,W

P5θ
I = θI,M

Let us denote:

1. E1 =
∑n

i=1 ΩI
i
′ΩI

i

2. Ẽ1 =
∑n

i=1 Ω̃I
i1

′
Ω̃I

i1

3. E2T =
∑n

i=1 ΩI
i
′ΩI

i

4. Ẽ2T =
∑n

i=1 Ω̃I
i

′
Ω̃I

i

5. Ẽ2,T−1 =
∑n

i=1 Ω̃I,2,T−1
i

′
Ω̃I,2,T−1

i
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So we get for the variance-covariance matrix:

V
−1

= D
E,−1
0 +

E1 + (
ρ2

v,εσ2

V w + a2
V m )Ẽ1 − a

V m Ẽ1 0 T41 0

− a
V m Ẽ1

1
V m Ẽ1 0 T42 0

0 0 E2T +
ρ2

v,εσ2

V w Ẽ2,T + a2
V m Ẽ2,T−1 T43 T53

(− ρv,εσ

V w + ab
V m )Ẽ1 − b

V m Ẽ1 − ρv,εσ

V w Ẽ2T + ab
V m Ẽ2T−1 Ẽ1( 1

V w + b2
V m ) + 1

V w Ẽ2T + b2
V m Ẽ2T−1 T54

0 0 − a
V m Ẽ2T−1 − b

V m Ẽ2T−1
1

V m Ẽ2T−1

?

As for the posterior mean:




∑n
i=1 ΩI

i
′
Ai1 − ρv,εσ

V w

∑n
i=1 Ω̃I

i1

′
B̃i1 − a

V m

∑n
i=1 Ω̃I

i1

′
G̃i1

1
V m

∑n
i=1 Ω̃I

i1

′
G̃i1

∑n
i=1 ΩI

i
′
Ci − ρv,εσ

V w

∑n
i=1 Ω̃I

i

′
D̃i − a

V m

∑n
i=1 Ω̃I

iT−1

′
F̃ iT−1

1
V w

∑n
i=1 Ω̃I

i1

′
B̃i1 + 1

V w

∑n
i=1 Ω̃I

i

′
D̃i − b

V m

∑n
i=1 Ω̃I

i1

′
G̃i1 − b

V m

∑n
i=1 Ω̃I

iT−1

′
F̃ iT−1

1
V m

∑n
i=1 Ω̃I

iT−1

′
F̃ iT−1




?
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Parameters: Mean StDev. Min. Max. Mean StDev. Min. Max.
Wage Equation:         
Experience 0.0580 0.0032 0.0518 0.0643 0.0674 0.0031 0.0553 0.0799
Experience squared -0.0013 0.0001 -0.0015 -0.0012 -0.0011 0.0001 -0.0013 -0.0008
Seniority 0.0518 0.0029 0.0460 0.0576 0.0094 0.0022 0.0001 0.0196
Seniority squared -0.0005 0.0001 -0.0007 -0.0004 -0.0002 0.0001 -0.0005 0.0002
Number of switches of jobs that lasted:
Up to 1 year   0.2240 0.0172 0.1905 0.2572 0.6290 0.0481 0.4185 0.8193
Between 2 and 5 years    0.1648 0.0189 0.1274 0.2018 0.6078 0.0508 0.4182 0.7926
Between 6 and 10 years    0.3231 0.0683 0.1861 0.4572 0.4796 0.0555 0.2683 0.6746
More than 10 years   0.4717 0.0869 0.3031 0.6425 0.4686 0.0568 0.2555 0.6855
Seniority at last job change that lasted: 
Between 2 and 5 years 0.0567 0.0070 0.0432 0.0709 0.0397 0.0092 0.0051 0.0728
Between 6 and 10 years  0.0111 0.0097 -0.0079 0.0303 0.0087 0.0057 -0.0215 0.0289
More than 10 years  0.0062 0.0055 -0.0050 0.0166 -0.0072 0.0046 -0.0235 0.0101
Experience at last job change that lasted:
Up to 1 year  -0.0071 0.0016 -0.0102 -0.0040 0.0003 0.0009 -0.0031 0.0035
Between 2 and 5 years  -0.0058 0.0016 -0.0090 -0.0027 -0.0062 0.0017 -0.0126 0.0009
Between 6 and 10 years  -0.0025 0.0025 -0.0073 0.0024 -0.0020 0.0026 -0.0111 0.0099
More than 10 years  -0.0026 0.0033 -0.0090 0.0036 0.0079 0.0042 -0.0063 0.0227
Participation Equation:
Lagged Mobility γM 0.3336 0.1646 0.0111 0.6274 1.0206 0.0200 0.9467 1.1010
Lagged Participation γY 2.0046 0.0944 1.8178 2.1978 0.1880 0.0094 0.1524 0.2284
Mobility Equation:
Seniority -0.0878 0.0074 -0.1024 -0.0734 0.0121 0.0088 -0.0172 0.0486
Seniority squared 0.0020 0.0003 0.0015 0.0026 -0.0006 0.0004 -0.0019 0.0006
Lagged Mobility γ -0.9019 0.0552 -1.0133 -0.7953 0.0276 0.0415 -0.1055 0.1717
Individual Effects:
ρy0m0    0.8040 0.0556 0.7024 0.9005 -0.0076 0.0258 -0.0596 0.0550
ρy0y    0.5716 0.0286 0.5190 0.6224 0.1068 0.0147 0.0611 0.1372
ρy0w    0.1335 0.0757 0.0169 0.2714 0.0521 0.0195 0.0073 0.0919
ρy0m    -0.6044 0.0773 -0.7595 -0.4892 -0.0016 0.0318 -0.0768 0.0556
ρm0y    0.2896 0.0429 0.2268 0.3845 0.0281 0.0255 -0.0437 0.0886
ρm0w    -0.1450 0.0884 -0.2586 0.0403 -0.0111 0.0193 -0.0524 0.0263
ρm0m    -0.4234 0.0789 -0.5691 -0.2668 -0.0006 0.0561 -0.0739 0.1096
ρyw    0.2174 0.0553 0.1066 0.3017 0.1454 0.0426 0.0630 0.2345
ρym    -0.5061 0.0656 -0.6172 -0.3874 -0.0322 0.0401 -0.1185 0.0419
ρwm    -0.5352 0.0590 -0.6371 -0.4131 -0.0100 0.0246 -0.0855 0.0382

     
σ2 0.2062 0.0023 0.2016 0.2104 0.4026 0.0034 0.3934 0.4150
ρwm    0.0013 -0.0111 0.0075 0.0161 0.1160 0.0135 0.0000 0.1718
ρym    -0.0005 0.0113 -0.0217 0.0188 -0.0506 0.0492 -0.2551 0.1005
ρyw    -0.0496 0.0124 -0.0672 -0.0205 -0.0170 0.0211 -0.0975 0.0635

Idiosyncratic Effects:

Table 6: Comparison United-States vs France (College Graduates)

College Graduates,                     
United States

College or Grandes Ecoles Graduates, 
France



Parameters: Mean StDev. Min. Max. Mean StDev. Min. Max.
Wage Equation:
Experience 0.0283 0.0027 0.0229 0.0334 0.0495 0.0027 0.0380 0.0595
Experience squared -0.0007 0.0000 -0.0007 -0.0006 -0.0006 0.0000 -0.0008 -0.0004
Seniority 0.0517 0.0034 0.0455 0.0580 0.0031 0.0018 -0.0046 0.0097
Seniority squared -0.0005 0.0001 -0.0008 -0.0003 -0.0002 0.0001 -0.0005 0.0001
Number of switches of jobs that lasted:
Up to 1 year   0.0923 0.0144 0.0635 0.1203 0.5643 0.0484 0.3624 0.7319
Between 2 and 5 years    0.0958 0.0219 0.0526 0.1386 0.5208 0.0514 0.3359 0.7023
Between 6 and 10 years    0.1229 0.1027 -0.0569 0.3076 0.4411 0.0551 0.2052 0.6344
More than 10 years   0.2457 0.1078 0.0474 0.4606 0.4828 0.0556 0.2617 0.6865
Seniority at last job change that lasted: 
Between 2 and 5 years 0.0293 0.0084 0.0127 0.0456 0.0052 0.0092 -0.0298 0.0367
Between 6 and 10 years  0.0213 0.0109 0.0003 0.0422 -0.0053 0.0065 -0.0306 0.0189
More than 10 years  0.0350 0.0053 0.0238 0.0444 -0.0078 0.0054 -0.0274 0.0114
Experience at last job change that lasted:
Up to 1 year  0.0009 0.0012 -0.0015 0.0033 -0.0012 0.0005 -0.0030 0.0009
Between 2 and 5 years  -0.0007 0.0016 -0.0038 0.0024 -0.0003 0.0012 -0.0044 0.0037
Between 6 and 10 years  0.0007 0.0030 -0.0049 0.0060 0.0002 0.0022 -0.0082 0.0088
More than 10 years  -0.0090 0.0029 -0.0150 -0.0035 0.0037 0.0031 -0.0086 0.0148
Participation Equation:
Lagged Mobility γM 0.5295 0.1258 0.3043 0.7836 1.4515 0.0184 1.3928 1.5274
Lagged Participation γY 1.7349 0.0660 1.5999 1.8530 0.1456 0.0098 0.1148 0.1835
Mobility Equation:
Seniority -0.0812 0.0115 -0.1007 -0.0605 0.2730 0.1401 0.0010 0.5424
Seniority squared 0.0018 0.0003 0.0011 0.0024 -0.0076 0.0054 -0.0187 0.0036
Lagged Mobility γ -0.7190 0.0738 -0.8544 -0.5807 1.0420 0.3071 0.4791 1.7680
Individual Effects:
ρy0m0    -0.1020 0.1146 -0.2589 0.1067 0.0105 0.0200 -0.0323 0.0600
ρy0y    0.7548 0.0566 0.6525 0.8747 0.2136 0.0250 0.1319 0.2537
ρy0w    0.3447 0.0351 0.2732 0.4142 0.1981 0.0169 0.1616 0.2370
ρy0m    0.0278 0.2007 -0.2908 0.2281 -0.0455 0.0270 -0.1002 0.0053
ρm0y    0.1972 0.0746 0.0260 0.2971 0.0121 0.0321 -0.0492 0.0824
ρm0w    0.0646 0.0505 -0.0061 0.1794 0.0070 0.0309 -0.0735 0.0720
ρm0m    -0.0573 0.1666 -0.2619 0.2194 -0.0173 0.0205 -0.0685 0.0314
ρyw    0.2958 0.0282 0.2292 0.3560 0.3627 0.0331 0.2924 0.4328
ρym    -0.2100 0.1053 -0.3832 -0.0429 -0.0204 0.0244 -0.0750 0.0325
ρwm    -0.2744 0.0799 -0.4083 -0.1348 -0.0435 0.0348 -0.0993 0.0285
Idiosyncratic Effects:     
σ2 0.2448 0.0064 0.2331 0.2539 0.2846 0.0015 0.2786 0.2944
ρwm    -0.0055 0.0074 -0.0185 0.0072 0.1296 0.1240 -0.1575 0.4311
ρym    0.0029 0.0077 -0.0117 0.0160 0.1277 0.2699 -0.4203 0.6082
ρyw    -0.0346 0.0072 -0.0497 -0.0183 0.0552 0.0159 -0.0086 0.1136

Table 7: Comparison United-States vs France (High-School Dropouts)

High-School Dropouts                  
United States

CEP Graduates                        
France
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